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The algorithm implementing this model has been tested using
artificial data sets designed to approximate componentry
expected in a visual experiment.  Below is a diagram showing
the main responses in Macaque V1 during the presentation of a
red flash. Artificial data were generated to simulate 15 channels
of recordings from a linear array microelectrode.

The amplitude-scaled and latency-shifted components are
projected onto the 15 channels and are summed to produce
the synthetic response.

We have found that distinct generators of the ERP exhibit
differential variability.  Not only is this variability of interest to
researchers, but we demonstrate that it can also be used to
separate the signals produced by these generators.

We define an ERP component as being a stereotypical
waveform that on any given trial may vary with respect to
amplitude and/or onset latency.  As we often have multiple
channel recordings, we introduce a matrix describing the
coupling between the components and the recording channels.
In the field of source separation, this is known as a mixing
matrix.  We call it a coupling matrix.

To estimate these model parameters from the data a Maximum
A Posteriori (MAP) algorithm is derived, which allows a
solution to the entire set of model parameters to be found
iteratively using a fixed point algorithm.

For each synthetic experimental trial, each component is
independently amplitude-scaled by a, which is randomly drawn
from a log normal distribution, and latency-shifted by t, which
is randomly drawn from a normal distribution.  Such a scaling
and shifting for component 1 is shown below for trial r.
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Independent Gaussian Noise is then added to each channel.

We consider two sets of 50 trials of synthetic data:

Set 1:
No Trial-to-Trial Variability
SNRs of 4.3 dB, -9.6 dB, 1.5 dB
for the three components

Set 2:
Trial-to-Trial Variability
anr from log-normal with
sample                  and
tnr from normal dist with
sample              and
SNRs of 7.2 dB, -6.7 dB, 4.5 dB
for the three components
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Factor Analysis was used to examine both data sets.  It was used
to examine both the trial-averaged response and the entire single-
trial dataset.  A Matlab implementation was used to perform
these examinations (Ghahramani).

Set 1:
No Trial-to-Trial Variability

Trial-Averaged Responses Single-Trial Responses

Set 2:
Trial-to-Trial Variability

Trial-Averaged Responses Single-Trial Responses

Time (ms) Time (ms)

Time (ms)Time (ms)

FA is unable to separate the three components in any of the four
cases.  Notice that the peaks in the variability case are broader
reflecting one of the effects of trial-to-trial variability.

Synthetic Source SignalsSynthetic Source Signals
For visual comparison, we show the three original source
signal components below:

Independent Component Analysis (ICA) was used to examine
both data sets in the same manner that FA was employed.  The
MATLAB Toolbox for ICA applied to psychophysiological data
was used to perform these examinations (Makeig).

Given 15 channels of data, ICA returns 15 sources.  We reduced
the results by choosing the three sources that were maximally
similar to the original sources as measured by their dot product.

Set 1:
No Trial-to-Trial Variability

Single-Trial Responses

Set 2:
Trial-to-Trial Variability

Trial-Averaged Responses Single-Trial Responses

Time (ms) Time (ms)

Time (ms)

ICA does much better separating the signals than FA (quantified
on the Performance panel).  The results with the single-trial data
are better than those with averaged data.  In addition, trial-to-trial
variability apparently aids the algorithm even though ICA does
not account for it.

ICAICA

Last we used the mcERP algorithm to examine the single-trial
data from both data sets.  The analysis with the average
responses was not performed as mcERP is a single-trial
technique.

Set 1:
No Trial-to-Trial Variability

Set 2:
Trial-to-Trial Variability

With no trial-to-trial variability, mcERP does about as well as
the best results from FA and ICA.  However, mcERP takes
advantage of trial-to-trial variability to accurately identify and
separate the sources as demonstrated with its impressive success
in the variability case (data set 2).

In addition, notice the reduction in the noise in the estimates in
set 2 as compared with FA and ICA under identical
circumstances.
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Blue –   Component 1    (SNRset 1 = 4.3 dB, SNRset 2 = 7.2 dB)

Green – Component 2    (SNRset 1 = -9.6 dB, SNRset 2 = -6.7 dB)

Red –    Component 3    (SNRset 1 = 1.5 dB, SNRset 2 = 4.5 dB)
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The mcERP estimation algorithm represents a significant step
toward obtaining physiologically-relevant component estimates
using single-trial data.  Key to this endeavor is the variability of
the ERP components, which in itself is of great interest as it
reveals more about the dynamical interactions among brain
regions than does averaged data.  McERP not only estimates
component waveshapes, but also reveals their single-trial
characteristics, such as amplitude scaling and latency shifts.
When trial-to-trial variability is present, as we have shown is the
case in experimental data (Truccolo 2001a), mcERP outperforms
both FA and ICA.

Please see poster 506.5 for application to real data!

The Amari error, which characterizes the quality of separation, is
summarized below. Without trial-to-trial variability mcERP
performs at the same level as ICA and better than FA.  In the
presence of variability mcERP dramatically outperforms both
popular methods.

Jumps in the mcERP
Amari error indicate
where each component
becomes difficult to
resolve (see colored
arrows).

McERP is robust to noise. It performs well to SNRs of –20 dB
for additive independent white Gaussian noise and –7 dB for
correlated far-field noise.

We show how model-based estimation of the neural sources
responsible for transient neuroelectric signals can be improved
by the analysis of single trial data. Previously, we showed that
a multiple component event-related potential (mcERP)
algorithm can extract the responses of individual sources from
recordings of a mixture of multiple, possibly interacting, neural
ensembles. McERP also estimated single-trial amplitudes and
onset latencies, thus allowing more accurate estimation of
ongoing neural activity during an experimental trial. The
mcERP algorithm is related to infomax independent component
analysis (ICA); however, the underlying signal model is more
physiologically realistic in that a component is modeled as a
stereotypic waveshape varying both in amplitude and onset
latency from trial to trial. The result is a model that reflects
quantities of interest to the neuroscientist.

Here we demonstrate that the mcERP algorithm provides more
accurate results than more traditional methods such as factor
analysis and the more recent ICA. Whereas factor analysis
assumes the sources are orthogonal and ICA assumes the
sources are statistically independent, the mcERP algorithm
makes no such assumptions thus allowing investigators to
examine interactions among components by estimating the
properties of single-trial responses.
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